Background: Species distribution models (SDMs) have an important role in predicting the range 15 of emerging and understudied pathogens and parasites. Their use, however, is often limited by 16 the lack of high-resolution unbiased occurrence records. Echinococcus multilocularis is a 17 parasitic cestode of public health importance which is widely distributed throughout Eurasia 18 and is considered an emerging threat in North America. In common with many parasite species, 19 available data for E. multilocularis occurrence are spatially biased and often poorly geo-20
complexities of sampling schemes and environmental predictors, designed to make the best 23 possible use of non-ideal occurrence data. The most realistic model utilized both derived and 24 basic climatic predictors; an occurrence sampling scheme which relied primarily on high 25 resolution occurrences from the literature and a bias grid to compensate for an apparently 26 uneven research effort. All models predicted extensive regions of high suitability for E. 27 multilocularis in North America, where the parasite is poorly studied and not currently under 28 coordinated surveillance. 29
Conclusions: Through a pragmatic approach to non-ideal occurrence data we were able to 30 produce a statistically well supported SDM for an under-studied species of public health 31 importance. Although the final model was only trained on data from Eurasia, the global model 32 projection encompassed all known occurrences in the United States. The approach defined 33
here may be applicable to many other such species and could provide useful information to 34 change or species introductions [6, 7] . 48
49
The ideal occurrence data for constructing an accurate SDM spans the entire geographic extent 50 of the species' distribution, is free of spatial collection bias and is accurately geo-referenced at 51 a high spatial resolution [8] . This situation is extremely rare, even for well-studied groups and 52 almost unheard of when working with under-studied taxa such as parasites [9, 10] , where data 53 are still opportunistically collected and often geo-referenced to large political units rather than 54 precisely co-ordinated. Perhaps paradoxically, this imperfect occurrence data makes the 55 that E. multilocularis is not likely to be limited by the distribution of its hosts. Hosts are, 100 therefore, not a primary focus in our modeling philosophy. However, as the parasite's 101 transmission dynamics may be affected by host density [18] we include derived climatic 102 variables in our final model which may affect intermediate host availability. 103
104
In our first model we define the approximate distribution of E. multilocularis in Eurasia, and 105 generate a set of random occurrence points from within that distribution to produce a global 106 SDM based on interpolated climate data. In model 2 we use the same climatic predictors as in 107 model 1, but apply high resolution occurrence data from the literature with a bias grid to 108 correct the relative over-representation of West and Central European records. Finally, in 109 model 3 we use the same approach to occurrence data as in model 2, but add biologically 110 relevant derived climatic and habitat predictors to the model. All three models are built using 111
Eurasian data and are projected globally. By comparing the projections of each model we aim 112 to: 1) test whether it is possible to produce a plausible SDM for an under-sampled species such 113 as E. multilocularis; 2) test how robust the predicted distribution is to changes in modeling 114 protocol; 3) provide an estimate of the parasite's distribution in North America where it is 115 thought to be expanding but is considered neglected from a public health perspective; and 4) 116 quantify the niche of E. multilocularis eggs to determine how its range may be limited by 117 different climatic variables. 118
119
Methods 120
121

Literature Records 122
An exhaustive search of the peer-reviewed literature was undertaken with the search term 123 "Echinococcus multilocularis" and/or "Alveolar Echinococcosis", in combination with the names 124 of all Eurasian countries, using Web of Science. Occurrence records were collated from these 125 papers from all developmental stages (eggs, adults) and from all host categories (intermediate 126 hosts, final hosts, accidental hosts). Host records which may have referred to the sympatric E. 127 granulosus species were excluded. Even though our aim was to model climate suitability for the 128 egg stage, we still included location data where only the adult life stage was documented, with 129 the assumption that viable eggs will be released into the environment by adult tapeworms. 130
Both point data (with associated coordinate information) and area data (often listed as geo-131 political units) were included in our database along with the approximate spatial accuracy of 132 the record (Table S1 ). The resulting dataset of 459 records, based on 120 publications was used 133 to create a discontinuous polygon map showing the area affected by E. multilocularis to the 134 highest spatial resolution allowed by the available data from Eurasia (Fig ure 1) . Although 135 distribution maps made for purely illustrative purposes (line drawings) have been previously 136 published [11, 19, 20] , our approach provides a data-driven map from rigorously vetted 137 records. The same search process was employed to collect occurrence data for the Americas. 138 This resulted in a database of 43 records, all of which originated from the United States and 139 Canada ( Figure S1 ). As records for North America are so scarce, these were not used during 140 model building, but were reserved to provide independent data with which to test global model 141 Eurasia. Gray regions indicate presence; red dots indicate occurrences from the literature 146 accurate to within 10,000km 2 ; blue triangles show occurrences from the literature with a 147 resolution coarser than 10,000km 2 (as such, their exact positioning is at random within the area 148 they designate). 149
150
Model 1 151
Summary: Model 1 is the most basic of the three models and uses randomly sampled 152 occurrence data and interpolated climate data as inputs, without the use of a bias grid. 153 154 E. multilocularis occurrence data for model 1 was taken by randomly sampling points within the 155 known area of Eurasian presence (i.e. the gray area in Figure 1 ) using ArcMap [21] . Point 156 generation was constrained to allow only one point per 10,000 km 2 grid cell. Five sets of 200 157 points were made ( Figure S2 ) and five separate MaxEnt models were constructed to allow us to 158 assess variability between models as a function of the exact position of the occurrence data 159 used in the model. 160
161
Bioclim variables are one of the most commonly used data sources used in SDMs. They are 162 publicly available globally and produced at a variety of resolutions, making them easy to use for 163 SDM researchers. We obtained the 19 bioclim variables (Table S2) Records of E. multilocularis occurrence that were geo-referenced to a resolution of at least 175 10,000km 2 were collected (n=165). This 10,000 km 2 cut off point was selected as it matches the 176 chosen resolution of our final model outputs. Where these high resolution records did not 177 specify a coordinate, the approximate centroid of the geographic area concerned was 178 measured and the coordinate taken. Unfortunately, very few high resolution data points are 179 available for several large countries in which E. multilocularis is known to be highly endemic 180 Cestoda in Spain, we assume that our lack of records likely reflects a true absence. In Mongolia, 196 however, we likewise have sparse records of E. multilocularis from the literature, but as the 197 research effort into Mongolian cestodes is relatively low we might consider our lack of records 198 as a false absence. To accommodate potential bias, we conducted a literature search using 199
Thompson Reuters' Web of Science with the search term "cestoda" AND the name of each 200 country within our Eurasian distribution and recorded the number of papers found (Table S3) . 201
We corrected this number by the area in km 2 of each country to produce an approximation of 202 research effort per unit area. We rasterized this data, resampled it to a 10,000 km 2 resolution 203 to match our environmental variables and implemented it as a bias grid in MaxEnt. As expected, 204 research effort was much higher in Western Europe than Central Europe, Russia and most of 205 Asia ( Figure S3 As egg survival may be more directly affected by ground temperature than ambient 216 temperature; land temperature data with a 1-degree resolution [25] was obtained with an 217 expectation of a negative relationship between temperature and egg survival [17] . Cestode egg 218 survival can be also limited by prolonged exposure to UV radiation [26, 27] . We thus 219 downloaded data for monthly cloud cover at a 1 km 2 resolution [28] , with the expectation that 220 high cloud cover may enable egg survival at higher land temperatures. Thirdly, as E. 221 multilocularis eggs are known to be susceptible to drying out [17] , their survival and viability 222 may be related to both ambient humidity and the water holding capacity of soil [29] . Global 223 data for both were downloaded at a 0.1 degree resolution [25, 30] . 224
Where models 1 and 2 solely aimed to model regions for egg survival, additional derived 226 environmental variables were selected for inclusion in model 3 due to a likely impact on one or 227 more E. multilocularis life stages. As such, Leaf Area Index (LAI) and Net Primary Productivity 228 (NPP) layers were included. They broadly reflect the degree of habitat vegetation and are thus 229 expected to positively correlate with rodent abundance [31] . They were included in model 3 at 230 a 1 degree resolution, using data provided by the MODIS Land Science Team [25] . Rodent 231 abundance (and thus E. multilocularis prevalence) may also be positively correlated with habitat 232 heterogeneity, as rodent populations are often highest in edge habitat [32] . To that effect we 233 downloaded landcover homogeneity data at a 12.5 arc-minute resolution [33] . 234 235 All layers were resampled to our model resolution of 10,000 km 2 . Summary layers were made 236 for the variables which were available as monthly layers (LAI, NPP, Cloud cover, land 237 temperature) reflecting annual minimum, mean and maximum values. All data preparation was 238 carried out using the raster package [34] (Table S4 ). Where groups of environmental predictors were significantly correlated with a 247
Pearson's r >0.7 only one predictor was allowed into the MaxEnt model. The predictor which 248 attained the highest AUC score as a single model variable was retained in each case (Table S4) . 249 250 MaxEnt (version 3.3.3k) was used to create a SDM for E. multilocularis [36, 37] . MaxEnt has 251 been shown to be among the most consistently predictive algorithms currently available for 252 creating SDMs [38] . As MaxEnt model output can be highly sensitive to model settings [39] we 253 used the model selection function in ENMTools version 1.4.3 [40] to find the best supported 254 feature type, regularization value and set of predictors according to their AICc rankings.
[41] 255 (Table S5) . 256
257
After tuning with AICc, the best supported models were re-run in MaxEnt with five cross 258 validations per dataset; they were projected globally and mean projections were calculated for 259 each model. A summary of input data for each model is provided in were assessed to locate geographic areas in which predictors were extrapolated beyond their 268 training range. Model predictions may not be as reliable in these areas [42] . 269 270
Model Analysis 271
The fit of the resulting model was assessed using the AUC statistic, which is the most commonly 272 used threshold independent measure of fit for SDMs [39] . Response curves for each variable 273 included in the model were created to show the statistical relationship between these 274 environmental covariates and the probability of E. multilocularis occurrence. 275 276 Threshold rules are used to convert the logistic output from MaxEnt into a binary grid showing 277 presence and absence. For our threshold rule we used a version of the 10 percentile training 278 threshold, refined to fit the data for each model. For model 1 where all occurrence points are 279 from random sampling, we ranked the logistic values assigned to each occurrence point and 280 used the value achieved by the lowest 10 th percentile as our binary cut off (0.39). For models 2 281 and 3 where there was a mixture of high resolution data and some random sampling of area 282 data, we only considered the high resolution data to define our threshold. We did this to 283 remove the risk that a low score on any of the randomly generated points could actually 284 indicate true absence and skew the binary output. Similar to model 1, we ranked the logistic 285 scores for each occurrence point and used the 10 th percentile value as our binary threshold 286 (0.32 for model 2 and 0.28 for model 3). Maps showing the logistic output of each map were 287 created using the rasterVis package in R [43] . Using binary versions of the three final models, 288
we created a composite map showing areas of agreement and variability between the models. 289
290
Projecting an SDM outside of the geographic range of its training data adds some uncertainty to 291 its output and its validity should be checked using an independent dataset [44] . To that end, we 292 used validated occurrence data of E. multilocularis records in the U.S. and Canada ( Figure S1 The standard deviation between model replicates was generally relatively low (below 0.1) but 320 was higher around the limits of the distribution including the Southern range boundary in the 321 United States and the endemic area of Western Europe which was excluded by the averaged 322 model ( Figure S4a) . However, the relatively low average standard deviation implied there was 323 only a small difference in model output dependent on the exact location of the randomly 324 sampled occurrence points. Analysis of MESS grids highlighted that parts of the model 325 projection in Greenland and a long latitudinal band around the equator are outside of the 326 model training range and may be less reliable ( Figure S5a) . 327
328
The projection was based on the response of E. multilocularis to the five statistically relevant 329 bioclimatic variables (Table 1) , three of which contributed over 80% to model fit -minimum 330 temperature of the coldest month; mean diurnal temperature range and precipitation of the 331 wettest quarter (Table S6) . Response curves indicate the highest probability of occurrence in 332 regions with a very low temperature in the coldest month of the year (< -20 C); with a 333 moderate diurnal temperature range (10 -15 C ) and moderate monthly precipitation (up to 334 500 mm in the wettest quarter) ( Figure S6) . 335
336
Model 2 337
The predicted distribution from model 2 covered most of Europe, with the exception of the 338 extremes of Western and Southern Europe. It also encompassed a large latitudinal band of 339 Northern Asia, with the exception of a part of North-western Siberia. In North America, almost 340 all of Greenland is included within the predicted range, as well as most of Canada and the 341 Northern United States, only excluding a narrow band along the Western coast of the continent 342 (Figure 3) . Model 2 shows a good concordance with known Eurasian records, but the predicted 343
North American distribution encompassed just 57% of known records in the continent (Table 2) The projection was based on the response of E. multilocularis to the five statistically relevant 366 bioclimatic variables (Table 1) , three of which contributed over 80% to model fit -mean 367 temperature of the warmest quarter, temperature annual range and precipitation seasonality 368 (Table S6) . Response curves indicate the highest probability of occurrence in regions with a cool 369 temperature in the warmest quarter (around 15 C); with a high temperature seasonality (> 20 370 C) and low to moderate precipitation seasonality (< 100 mm) ( Figure S7 the predicted distribution for model 3 (Table 2 ). Unfortunately, due to missing data in the cloud 381 cover dataset, model 3 is not able to make predictions for suitability for inland Greenland, parts 382 of sub-Saharan Africa, and areas of Brazil and Bolivia (Figure 4 (Table 1) , three of which contributed over 70% to model fit -minimum 404 annual cloud cover, landcover homogeneity and mean annual land temperature (Table S7) . 405
Response curves indicate the highest probability of occurrence in regions with moderate to 406 high cloud cover, high landcover heterogeneity and low to moderate mean land temperature 407 420
Model Comparison 421
The map showing regions of agreement and conflict between the models (Figure 6 Here we presented a test of three modeling protocols to produce a global Echinococcus 441 multilocularis SDM using a challenging occurrence dataset with a strong spatial bias and patchy 442 recording. All three models performed acceptably well according to the most frequently used 443 statistical test of SDM fit, the AUC test [39] . However, while models 2 and 3 produced quite 444 similar models, model 1 largely failed to predict E. multilocularis occurrence in Europe (Figure  445 2), despite strong empirical evidence for its occurrence. This large region of omission within the 446 training region is most likely an artefact of an over-simplistic occurrence data sampling scheme, 447 whereby points were randomly selected throughout the known range of the parasite (Fig ure 1,  448 Figure S2 Material and Methods). As E. multilocularis is capable of infecting a wide range of common and 461 widespread host species, overlaying host distributions on top of our projection is unlikely to 462 exclude many regions from the prediction; but using climatic predictors to infer potential peaks 463 of host abundance, and the effect of that on E. multilocularis, may have served to refine model 464 3 compared to model 2. 465
466
The modeling protocols we have tested here are likely applicable to many other widespread 467 species for which occurrence data is spatially biased and patchy. Our tests imply that the most 468 realistic models come from using true presence data with a taxonomically relevant bias grid 469 (rather than random sampling of area data) even where there is a very strong spatial bias in 470 data collection. Furthermore, for coarse resolution models aimed at describing the maximum 471 possible range of a species a relatively simple model of basic climate predictors is acceptable 472 [46] . This is in line with classic macroecological theory which dictates that climate controls 473 species distributions at the broadest scale, with habitat structural effects impacting the regional 474 scale and biotic effects determining local scale distributions [47] . 475 476 Focusing primarily on the most informative environmental variables from models two and 477 three, we can also infer some specifics of the climatic niche of E. multilocularis eggs. Their 478 temperature distribution is best characterized as relatively cool, with a decreasing probability of 479 occurrence with warmer summer temperatures ( Figure S5a) ; and a peak probability of 480 occurrence at annual mean land temperatures around 0 -5°C (Figure 5c ). This result is in 481 general agreement with a recent study modeling human AE prevalence in China, which found 482 peak prevalence occurred in regions of a -5°C annual mean temperature [48] . That egg survival 483 may be negatively affected by warmer summer conditions is also supported by a previous 484 laboratory analysis of E. multilocularis survival along a temperature gradient [49] . We also 485 expected that egg viability may be limited by UV radiation [26] . Accordingly, we found that E. 486 multilocularis appears limited by low minimum annual cloud cover (Figure 5a) . 487 488 Model 3 also highlighted a relationship with seasonality, whereby E. multilocularis is more often 489 found in regions with a large variation in their annual mean temperature ( Figure S5b ). This 490 relationship may actually have more to do with intermediate host population cycles affecting E. 491 multilocularis metacestode abundance than with egg survival per se. A highly seasonal 492 environment may be prone to cyclic population explosions of rodents, leading to periods of 493 increased E. multilocularis transmission when rodent population densities are high [50] . The 494 negative relationship we found in model 3 between E. multilocularis occurrence probability and 495 landcover homogeneity (Figure 5b ) may also be explained by rodent population densities. 496
Rodents are most abundant in edge habitat [32] , so areas with a high landcover heterogeneity 497 support more rodents and may increase E. multilocularis transmission risk. Finally, our analysis 498 found a negative relationship between precipitation seasonality and E. multilocularis 499 occurrence ( Figure S5c ). This apparent avoidance of a tropical/monsoon type rainfall regime 500 may reflect a need for the eggs to both avoid desiccation in the dry season and becoming 501 waterlogged in the wet season. 502
503
Of course, consideration of our changing climate may alter the geographic distribution of this 504 parasite in coming years [50] . In very general terms, the E. multilocularis distribution may be 505 expected to contract northwards under contemporary climate change models [50] , perhaps 506 relieving the warmest reaches of the distribution from the threat of infection. However, as 507 relatively wide ranges of temperature and precipitation values are predicted to be above the 508 threshold of parasite occurrence (Figures 5, S6 , S7), we do not necessarily expect large range 509 changes for this species unless the changing climate interacts with other factors affecting its 510 distribution. 511
512
Echinococcus multilocularis in North America has previously been described as the "great 513
unknown" due to a lack of an effective monitoring system and subsequent knowledge about its 514 potential impact and distribution [12] . One of the objectives of this study was to help fill this 515 knowledge gap by modeling global climate suitability for E. multilocularis eggs (including North 516 America). Our models all predict the potential for parasite egg occurrence across a large 517 latitudinal band of North America (Figure 6 ). This prediction not only encompasses locations 518 where transmission has already been recorded, but also predicts well beyond those boundaries. 519
This implies that either these regions are already infected with E. multilocularis, but a lack of 520 surveys have failed to identify it; or that these areas are not currently infected with E. 521 multilocularis, but would be climatically suitable for its expansion. model projections would add certainty to these findings, and areas at the edge of our predicted 544 distribution may yield useful data on egg tolerance limits. Future studies could also take a 545 landscape scale approach to incorporate other factors that may limit E. multilocularis at a finer 546 spatial scale. Likely limits may include land cover, proximity to water, canid population density 547 and rodent species assemblages and density [29, 48] . Public health models may also consider 548 how human behavior interacts with ecological factors to determine which sectors of the 549 population are most at risk. For example, dog ownership; farming, and hunting have all been 550 linked to increased infection risk [11, 53] . 551 552 Even without these refinements, our model may already serve as a guide to show in which 553
North American regions surveillance for E. multilocularis needs to be increased. It is highly 554 recommended that suitable areas begin surveillance as soon as possible in order to provide a 555 more accurate picture of where the parasite currently exists, as well as the directions and speed 556 at which it could be spreading. The public in climatically suitable regions should also be made 557 more aware of the risks posed by this disease. Information should be distributed on the risk 558 factors associated with infection (e.g. farming, hunting, pet ownership), as well as personal 559 preventative methods (e.g. washing hands and vegetables, avoiding contact with wild canids, 560 deworming pets). Suburbia could be an especially vulnerable area, as an interface between 561 wildlife and people [54] , and extra efforts should be focussed in these areas. 562 563
Conclusions 564
The ideal resource for building a species distribution model will always be comprehensively 565 sampled data, free from spatial bias and accurately geo-referenced. However, given the rarity 566 of such data sets in parasitology and disease ecology, and the high potential utility of SDMs to 567 assist those allocating surveillance resources in these fields it may be incumbent on researchers 568 to do the best they can with the data that is available. In this paper, a pragmatic use of non-569 ideal occurrence data was used to produce a statistically and empirically supported SDM for E. 570 multilocularis at a coarse resolution, in which the model projections were relatively robust to 571 minor changes in modeling framework. While data limitations may prevent high resolution 572
SDMs for many such widespread parasites, a coarse scale climate-based model can still be a 573 useful tool for public health planning where infection shows signs of spreading to new 574 locations. The predicted E. multilocularis distribution in North America produced here may be 575 used to direct monitoring efforts for the continent as the parasite continues to expand its 576 range. 577 578
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